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Abstract. Muscular contraction of many skeletal muscles often induces
subtle deformation of the skin surface. To this end, we present a method
to estimate muscular activation from such 3D skin deformation. We pro-
pose a novel model based on Supervised Principal Component Regression
that automatically segments individual muscles and estimates their ac-
tivation from 3D surface deformation. Our evaluation shows that the
model generalizes to varying body shapes and that the estimated acti-
vation closely fits the measured EMG data.
1 Introduction
Estimating muscular activity is one of the most important tasks to understand
and assess human motion, with many applications. The gold standard method to
quantify muscle activations is electromyography (EMG) that measures electrical
activity emitted by muscle cells when neurologically activated [6]. However, acti-
vation of some human muscles produces subtle deformation that become visible
on the skin surface. In this paper, we show that from measurements of such de-
formations on the 3D skin surface it is possible to estimate underlying muscular
activity.
In particular, we focus on muscle activity estimation during the one-leg stance
due to their wide use [4]. Skin deformation during one-leg stances is extremely
subtle, in the range of at most a few millimeters. We thus opt for the marker
based system of Neumann et al. [7], that we extend to achieve even higher de-
tail. In addition, we simultaneously record muscle activity using synchronized
EMG sensors, in order to relate these signals to the visible skin deformation. In
the analysis process, we isolate the surface deformation by subtracting rigid mo-
tion of the limbs using an effective pose normalization step. The resulting data
reveals strong correlations between visible muscle deformation and electrical ac-
tivity especially in the muscles Peroneus longus and Tibialis anterior. We use
the data to train a model that automatically estimates muscle activity from the
3D surface recordings. To this end, we extend Supervised Principal Component
Regression [1] with a Graph-Cut based mesh segmentation method. Finally, we
demonstrate that the model can estimate muscular activity and also generalizes
to different body shapes.
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Fig. 1: Capturing muscle deformation: (a) Multi-sensor setup with 16 syn-
chronized video cameras. (b) Camera positions (c) Wireless EMG sensors
(d) random dot pattern on the skin. (e) Template mesh and reconstructed 3D
point cloud. (f) Template mesh closely fits point cloud after non-rigid ICP.
2 Data Acquisition
3D Reconstruction: To capture skin deformation at high detail, we use a
vision-based reconstruction approach (cf. Figure 1a), where 16 HD cameras are
arranged in a convergent setup (cf. Figure 1b), measuring dense dynamic 3D
geometry. To facilitate space-time reconstruction, we apply a pattern of dense
dots to the skin (cf. Figure 1d). These dots are reconstructed in 3D using the
multi-graph matching method of Neumann et al. [7], which delivers us a 3D
point cloud for each recorded frame. Then we bring a template mesh of the lower
body (Figure 1e), into correspondence with all the captured 3D point clouds. In
particular, we perform non-rigid iterative-closest-point (ICP) with As-rigid-as-
possible surface regularization [8]. As a result, we obtain the deformed template
mesh closely fitting to the reconstructed dots (Figure 1f).
Pose normalization: In a next step, we remove pose-related motion of the
foot, the lower and the upper leg: we first estimate a segmentation into body
parts from a squat motion of the same leg using the method of Kavan et al. [5].
Then, based on this segmentation, a rigid transformation can be estimated for
each of the body parts and for each time step. Using linear blend skinning we
can apply the inverse transformation at each step for each body part to obtain
a mesh sequence with the articulated motion almost entirely removed.
3
EMG Recording: We simultaneously measure electrical activity in seven dif-
ferent muscles (cf. Figure 1c). These EMG sensors were synchronized to the
multi-camera system using hardware triggers to start recording, where the EMG
sensors act as master triggers since they offer the highest refresh rate in this
setup. These Sensors are attached to the following muscles: Rectus femoris, Vas-
tus medialis, Biceps femoris, Tibialis anterior, Peroneus longus, Soleus and Gas-
trocnemius. Of these muscles, only Tibialis anterior and Peroneus longus are
typically active during the one-leg stance.
3 Model
First correlation analysis reveals us strong correlations between 3D skin defor-
mation and muscular activity. This leds us to build a model that maps the 3D
skin deformation to the EMG sensor. To this end, we propose an extension to
Supervised PCA [1].




3, i ∈ {1, . . . ,N} for each of the f ∈ {1, . . . , F} recorded mesh surfaces.
During training, we are also given the corresponding EMG signal y ∈ RF at
that each frame. We first collect all displacements of the vertices (in relation
to an ”rest shape”) into a displacement matrix X ∈ RF×3N , by stacking the

















































Then we removing irrelevant features before running PCA, also nown as super-
vised principal component analysis [1] (SPCA), where features are selected based
on their correlation with the target variable y. However, simply selecting indi-
vidual vertices performs poorly since the selected area contains many outliers
and overfits on the specific area of the subject in the training set. Therefore, we
propose to find a mask that both fits the correlations well and being sufficiently
localized and smooth at the same time.
For that, we formulate finding a binary muscle maskm ∈ {0, 1} (defined over
the vertices) using Graph Cuts optimization [3]. The graph is defined by the mesh
topology. We define unary potentials (for the data term in Graph Cuts optimiza-
tion) from the coefficient of multiple correlation Ri ∈ [0, 1] [2] between the vertex
i and the EMG signal y, which basically estimates how well a linear model would
predict the EMG from the motion of the vertex i alone (cf.Figure 2a). We clip
those values to a specific range [Rmin, Rmax] and renormalize to [0, 1] in order to
further weaken poorly correlated vertices (cf. Figure 2b). In all our experiments,
we use Rmin = 0.7, Rmax = 0.9. The resulting mask corresponding to Peroneus
longus on subject 1 is shown in Figure 2c. This automatically generated mask
confines the muscle area very well. As we show in our experiments, the mask
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Fig. 2: Surface mask from muscle Peroneus longus on subject 1. (a) Correla-
tions of the vertices, color-coded in red. (b) Clipped correlations. (c) Resulting
mask after Graphcut Execution. The correlations are shown in red above the
black mask. (d) Muscle masking with same parameters on subject 2. Mask looks
similar.
generalizes well to other people and is consistent across different body shapes
(Figure 2d).
Essentially we just run PCA on the vertices in the muscle area to obtain
K principal components. These principal components correspond to the main
modes of displacement in this area. We can now learn a simple linear model that
maps from the PCA projection space to the EMG signal.
4 Results
To evaluate our method, we perform a quantitative evaluation. We first test if
our model can estimate the EMG from 3D surface deformation on a single per-
son. Figure 3 shows that the model-estimated activation of the muscle Peroneus
longus fits the real EMG signal very closely, because this muscle are typically
active during balance tasks and their volume changes are clearly visible on the
skin.
To test how the model generalizes to new body shapes, we performed a
cross subject evaluation: The model is trained on one person and then evaluated
on the remaining persons. The high correlation coefficients in Figure 4 hint at
excellent generalizability of our model even in face of very different physical
constitutions and body shapes - especially for the muscles Peroneus longus and
Tibialis anterior. Admittedly, the accuracy for subject 4 of the muscle Peroneus
longus is suboptimal in all cases (Figure 4a). This may be related to a different
muscle strategy or anomaly in the muscle of the subject.
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Fig. 3: Result of EMG estimation for Peroneus longus on subject 1 when
testing on a single subject. For this, the estimated and real signal are assigned on
the time axis. The y-axis represents the activation of the muscle. Furthermore,
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(a) Peroneus longus
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(b) Tibialis anterior
Fig. 4: Accuracy on cross subject evaluation. Here, the correlation coef-
ficients between the estimated and real EMG signal is represented. The model
is trained on one subject (y-axis) and tested on another (x-axis). The results
on the main diagonal are better since the model was learned and tested on the
same subject.
5 Conclusion
In summary, our novel multi-sensor system records 3D surface geometry of the
skin in high spatio-temporal resolution along with EMG data for the first time.
With data collected from this system we showed that there is strong correlation
between visible skin bulges and electrical muscle activation. Our model is able to
estimate muscle activity from subtle skin deformation in one-leg stance. In the
future, we would like to substantially improve the pose normalization step. We
further need to extend the method in order to analyse more muscles and apply it
to more complex motions as well as to a broader range of healthy and impaired
subjects. 3D skin deformation as offered by our system are an interesting new
modality that promises precise insights into the temporal and spatial strategies of
6
muscle control and may lead to improved biomechanical assessment and therapy
planning.
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